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CO-CLUSTERING OBJECTS OF
HETEROGENEOUS TYPES

BACKGROUND

In many applications, 1t can be very useful to identify
groups or clusters of objects such that objects in the same
cluster are similar while objects 1 different clusters are dis-
similar. Such 1dentification of groups 1s referred to as “clus-
tering.” Clustering has been used extensively to identily simi-
lar web-based objects. Web-based objects may include web
pages, 1mages, scientific articles, queries, authors, news
reports, and so on. For example, when a collection of images
1s identified by an 1image search engine, the search engine may
want to 1dentily clusters of related images. The search engine
may use various well-known algorithms including K-means,
maximum likelihood estimation, spectral clustering, and so
on. These algorithms generate clusters of homogeneous
objects, that 1s, objects of the same type (e.g., clusters of
images only or clusters of web pages only).

Recently, attempts have been made to cluster highly inter-
related heterogeneous objects such as 1images and their sur-
rounding text; documents and terms; customers and their
purchased items; articles, authors, and conferences; web
users, 1ssued queries, and click-through web pages; and so on.
The goal of heterogeneous clustering 1s to identify clusters of
cach type of object that 1s 1n some way based on the clusters
of the other type of object. The use of homogeneous cluster-
ing on objects of each type separately may not be an accept-
able basis for heterogeneous clustering because the similari-
ties among one type of objects sometimes can only be defined
by the other type of objects. One attempt at co-clustering
objects of two types tries to extend traditional spectral clus-
tering algorithms using a bipartite spectral graph clustering,
algorithm to co-cluster documents and terms simultaneously.
A similar attempt has been made at co-clustering heteroge-
neous objects in the field of biology and 1image processing.

Some attempts have been made at high-order co-cluster-
ing, that 1s, co-clustering objects of more than two data types.
In the case of objects of three data types, the objects of a first
type and the objects of a second type are each related to the
objects of a third or central type. The relationship between
objects of the first type and the objects of the central type and
the relationship between objects of the second type and the
objects of the central type are provided. The goal of the
co-clustering 1s to provide a clustering of the objects of the
first type, a clustering of objects of the second type, and a
clustering of objects of the central type. One technique for
such co-clustering 1s described 1n Gao, B., L1y, T., Zheng, X.,
Cheng, Q., and Ma, W., “Consistent Bipartite Graph Co-
Partitioming for Star-Structured High-Order Heterogeneous
Data Co-Clustering,” Proc. ACM Special Interest Group on
Knowledge Discovery and Data Mimng (SIGKDD’05),
2003, pp. 41-50. Although this technique 1s very effective, 1t
1s computationally expensive, especially with large datasets.

SUMMARY

A method and system for high-order co-clustering of
objects of heterogeneous types 1s provided. A clustering sys-
tem co-clusters objects of heterogeneous types based on a
first joint distribution for objects of a first type and objects of
a central type and a second joint distribution for objects of a
second type and objects of the central type. The clustering
system uses an iterative approach to co-clustering the objects
of the various types. The clustering system divides the co-
clustering into a sub-problem, for each non-central type (e.g.,
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2

first type and second type), of co-clustering objects of that
non-central type and objects of the central type based on the
joint distribution for that non-central type. Each co- Clustering
attempts to satisiy an objective function based on minimizing
the difference or distance between the joint distribution for
that non-central type and a distribution based on the cluster-
ing. After the co-clustering 1s completed, the clustering sys-
tem clusters objects ol the central type based on the clusters of
the objects of the non-central types identified during co-
clustering. This clustering of objects of the central type
attempts to satisfy a combined objective function based on
minimizing the differences between the joint distributions of
the non-central types and joint distributions based on the
clusters of objects of the non-central types. The clustering
system repeats the iterations until the clusters of objects of the
central type converge on a solution.

This Summary 1s provided to introduce a selection of con-
cepts 1n a simplified form that are further described below 1n
the Detailed Description. This Summary 1s not intended to
identily key features or essential features of the claimed sub-
ject matter, nor 1s 1t intended to be used as an aid 1n determin-
ing the scope of the claimed subject matter.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 1s a block diagram that illustrates components of the
clustering system in one embodiment.

FIG. 2 1s a flow diagram that illustrates the processing of
the star co-cluster component of the clustering system 1n one
embodiment.

FIG. 3 1s a flow diagram that illustrates the processing of
the initialize clusters and distributions component of the clus-
tering system 1n one embodiment.

FIG. 4 1s a flow diagram that illustrates the processing of
the calculate distributions component of the clustering sys-
tem 1n one embodiment.

FIG. 5 1s a flow diagram that illustrates the processing of
the co-cluster component of the clustering system in one
embodiment.

FIG. 6 1s a flow diagram that illustrates the processing of
the cluster component of the clustering system in one
embodiment.

DETAILED DESCRIPTION

A method and system for high-order co-clustering of
objects of heterogeneous types 1s provided. In one embodi-
ment, a clustering system co-clusters objects of heteroge-
neous types based on a first joint distribution for objects of a
first type and objects of a central type and a second joint
distribution for objects of a second type and objects of the
central type. For example, the objects of the central type may
be articles, the objects of the first type may be authors of the
articles, and the objects of the second type may be confer-
ences at which the articles were presented. A joint distribution
indicates a probability-based distribution based on the rela-
tionship between objects of a non-central type and objects of
the central type. The clustering system uses an iterative
approach to co-clustering the objects of the various types. The
clustering system divides the co-clustering into a sub-prob-
lem, for each non-central type (e.g., first type and second
type), of co-clustering the objects of that non-central type and
objects of the central type based on the joint distribution for
that non-central type. Each co-clustering attempts to satisiy
an objective function based on minimizing the difference or
distance between the joint distribution for that non-central
type and a distribution based on the clustering. For example,
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the clustering system identifies clusters of authors and clus-
ters of articles based on the joint distribution between authors
and articles, and 1dentifies clusters of conferences and clus-
ters of articles based on the joint distribution between con-

terences and articles. In one embodiment, the co-clustering of 5

cach sub-problem 1s performed 1n parallel (e.g., may be per-
formed on different computers at the same time). After the
co-clustering 1s completed, the clustering system clusters
objects of the central type based on the clusters of the objects
of the non-central types 1dentified during co-clustering. This
clustering of objects of the central type attempts to satisiy a
combined objective function based on minimizing the differ-
ences between the joint distributions of the non-central types
and joint distributions based on the clusters of objects of the
non-central types. For example, the clustering system clusters
articles based on the clusters of authors and clusters of con-
terences 1dentified during the co-clustering. The clustering
system iteratively performs the co-clustering (e.g., solving
cach sub-problem) and the clustering using the new clusters
of objects of the central type 1dentified during the previous
iteration as mput to the next iteration. The clustering system
repeats the iterations until the clusters of objects of the central
type converge on a solution. One skilled 1n the art will appre-
ciate that the clustering system can be adapted to perform
co-clustering of objects for orders higher than three. For
example, the clustering system may co-cluster objects of four
different types: a first type, a second type, a third type, and a
central type. The first type, the second type, and the third type
are each related to objects of the central type. For example, the
clustering system may co-cluster authors, conferences, pub-
lication years, and articles with the articles being the objects
of the central type. The relationship between objects of dii-
terent types that 1s indirect through objects of a central type 1s
referred to as a star-structured relationship.

In one embodiment, the clustering system solves the sub-
problem of co-clustering of objects of a non-central type and
objects of a central type by clustering objects of the non-
central type based on previous clusters of objects of the cen-
tral type and then clusters objects of the central type based on
clusters of the objects of the non-central type. For example,
the clustering system may cluster authors based on a previous
clustering of articles and then re-cluster articles based on the
new clusters of authors. The clustering system may start out
with an 1nitial clustering of objects of the central type, which
may be randomly identified. The clustering system 1iteratively
performs the clustering of objects of the non-central type and
the clustering of objects of the central type using the clusters
of objects of the central type 1dentified during the previous
iteration as mput to the next iteration. The clustering system
may repeat the clustering of objects of the non-central type
and the clustering of objects of the central type until a termi-
nation condition 1s satisfied. A termination condition may be
satisfied after a certain number of iterations or when the
clustering converges on a solution.

The clustering system uses a probability model to represent
the inter-relationship among heterogeneous objects, which 1s
an extension of that described in Dhillon, I. S., Mallela, S.,
and Modha, D. S., “Information-Theoretic Co-Clustering,”
Proc. ACM Special Interest Group on Knowledge Discovery
and Data Mining (SIGKDD’03), 2003, pp. 89-98, which 1s
hereby incorporated by reference. The variables X, Y, and Z
represent discrete random variables that correspond to
objects of a first type, a central type, and a second type,
respectively, with values from the sets {x,, . . ., X _},
vi,...,v,},and {z,, ..., z, }, respectively. The clustering
system represents the joint distributions between X and'Y and
between Z and Y as a mxn matrix p,(X,Y) and a Ixn matrix
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4

p-(Z.,Y). The clustering system simultaneously clusters
objects of types X, Y, and Z ito r, s, and t disjoint clusters,
respectively. To cluster the objects, the clustering system
generates mappings from objects to clusters as represented by
the following equation:

Cltn %)= (R0 R,
C.}’:{yl: BN yn}ﬁ{j}lﬂ "t ?5}"
Cz:{zl? L Zl}ﬁ{il? "t il} (1)

where CX, CY, and CZ represent the mappings and {X, . . .,

X, b4V, V. boand {Z,, ..., z, } represent the clusters. The

clusters may be represented by the following equations:
X=Cy(X) (2)
Y=Cy(¥) (3)
Z=CAZ) (4)

The tuple (C,,C,) represents a co-clustering of the objects
of types X and Y. The star-structured triple (C,.,C,C.) rep-
resents a co-clustering of objects of types X, Y, and Z, where
the central data type 1s Y. The clustering system co-clusters
objects based on mimmizing the loss of mutual information
between the mutual information of objects of two types and
the mutual information of the clusters of the objects of the two
types. The mutual information between objects of types X
and Y 1s represented by the following equation:

X, Y)=2.2.p,(x,y)log(p,(x.y)/(p,(x)p,(¥))) (3)

where I(X,Y) represents the mutual information and p, (X,Y)
represents a joint distribution matrix. The loss of mutual
information 1s represented by the following equation:

I(X D=1, 1)=D(p (X, Vg, (X, 1)), (6)

where D(‘|[) represents the Kullback-Leibler (KL) diver-
gence or difference, also known as relative entropy, and q, (X,
Y) and g,(X,Y) represent joint distributions of the following
forms:

q,(x.y)=p (X P)p,xIX)p,(¥|P), where xeX, yey (7)

(8)

The clustering system divides the oniginal XYZ co-clus-
tering problem into two sub-problems: XY co-clustering and
7Y co-clustering, with the constraints that their clustering
results for the central type Y are exactly the same and the
overall partitioning 1s optimal under the objective function. In
one embodiment, the clustering system uses an objective
function that 1s a linear combination of the KL distances as
represented by the following equation:

FXL L Z)=0D(p (X Y)|q, (X, D) H1-a)Dpx(Z,Y)q(Z
Y)), where 0<a<1

q-(z,y)=p-(Z.P)p-(2|12)po(v|P), where zez, yey

(9)

where F(X,Y,Z) represents the objective function and a rep-
resents a weighting factor indicating the relative confidence
in XY and ZY relationships (1.e., joint distributions). The
objective function can be expressed solely 1n terms of the
row-clustering or in terms of the column-clustering. For
example, in XY co-clustering, the distribution q,(Y1X) repre-
sents a row-cluster prototype, and the distribution q,(XIy)
represents a column-cluster prototype. The clustering system
performs the co-clustering of each sub-problem by 1teratively
identifying row clusters and column clusters. After perform-
ing the co-clustering for both sub-problems, the clustering
system clusters the objects of the central type based on the




US 7,743,058 B2

S

clusters of the non-central types based on minimizing the
combined objective function. The clustering system repeats
the co-clustering of the sub-problems and the clustering of the

6

objects of the central type until the clustering converges on a
solution. The clustering algorithm of the clustering system 1s
represented by the following pseudo code.

ALGORITHM (py, p5, 1o S, &, @, &C, &Cy, &)
Input: p,: the joint distributions of X and Y ; p,: the joint distributions of Z and Y; r: the
desired cluster number of X; s: the desired cluster number of Y; t: the desired
cluster number of Z; a.: a weighting factor.
Output: The mapping functions C, Cy, and C...
1. Initialization: Set i=0. Start with some initial partition functions C'*’, C+*?, and
C, . Compute q, (D)(X Y), q 1(0)(X X), 4, (Y1Y)

P (0)(2 Y) QQ(D)(ZIZ) qQ(G)(YIY) and distributions q;“(YIx), 1 =X = rand
©LO(Y12), 1 = 2 = tusing q,O(y1%) = 4, 1) q, OF%),
o 0y17) = 4,0y ) .0 F12)

2. Compute X clusters. For each x, find its new cluster index as

C (Hl)(}{)

C (i+1) _

arg min D(plﬁflx)llql( )(YIX)), resolving ties arbitrarily. Let
= Cy¥.

3. Compute dlStl‘lbllthIlS qf””@( Y) Qi (I”)O(IX) qQy (”U(YIY) and the
distributions q,“ (X 1¥),1 =y = susing q,“"P(x1y)=q, " PxIX)q, V&Y.

4, CDmputeY clusters. For each vy, find 1ts new cluster index as

C (1+2)

5. Compute dlStl‘lblltlDIlS ql(”l)@,‘}), ql(ﬂz)oﬂj‘i);

C;"(y) = arg mi ngp, (Xy)! q, “*P(X1y), resolving ties arbitrarily. Let

C (I+l
(4+2)(x7 X
q; (YY) and the

distributions q, (Y %), 1 = X = rusing q,2(yIX) = q,“(y1¥)q,; (¥ IX).

6. If the number of the process loop of Steps 2~5 exceeds the scheduled value, or
the change 1n objective function value of the X-Y sub-problem, that is,
D(p; X, g, (X, Y)) -Dp, (X, Y)Iq,“*(X,Y)), is small, go to Step
7; otherwise, go to Step 2.

7. CDmpute Z clusters. For each z, find its new cluster index as

C,"D(z) = arg min:D(p,(Y12)l1q5 (Y 12)), resolving ties arbitrarily. Let
C (i+1) _

= Cy%.

8. Compute distributions g, D(Z.Y), qQ(f”)(ZIZ_), qQ(”l)(YI‘&n_’) and the
distributions g, P(Z1y), 1 = v = nusing ¢, (zlv) = ¢, (z12)g, P (z1y).
9. Compute Y clusters. For each vy, find its new cluster index as

C\"*)(y) = arg min, D(pQ(ZIy)IIQQ(””(ZIy)) resolving ties arbitrarily. Let
C (i+2) _

10.

Compute distributions q2(i+2)(2,§7), qj”z)(le),
distributions g, (Y1z2), 1 =< z =< tusing q,"?(y|z) =

C (1+l)

T 2A(Y1Y) and the
LYY 1Z).

11. If the number of the process loop of Steps 7~10 exceeds the scheduled value,
or the change 1n objective function value of the Z-Y sub-problem, that 1s,
D(p-(Z,)1q>,2(Z,Y)) -D(p>(Z,Y)I1q, " ?(Z,Y)), is small, go to Step
12; otherwise, go to Step 7.

12.

Compute Y clusters under the concept of consistency. For each v, find its new

cluster index as
C, ) (y) = arg min

[ap y (¥)D(p, (X Iy) 10, XIS +H(1-0)po(¥)DPo(ZI3) g FZ )]

resolving ties arbitrarily (0 <qa < 1) Let C 0+ =
Compute distributions (”E)(X Y) q; (I+2)(X|X) ql(”z)(YlY)
Qs (1+2)(Z Y) q2(1+2)(z|z)
qy (”2)(YIX) 1 =X =rand qz(” )O{'Iz) 1 =z = tusing

q, (yI%) = ql(”(yly)ql(”(yl?i) 0>, (y12) = |
Stc:p and return Cy = C"?, Cy= C), and C, = C,**? if the change in

13.

14.

C (i+1) ELIld C (i+2) _ C (1+l)

C=2XY1Y) , and distributions

“)(yly)qz(”(y&)-

objective function value, that 1s,

a[D{p;(X,Y)l |C_[1(f)(X:_1Y)) - D(p;(X,Y) |Ql(f+2)_(X:Y))]+
(1-a)[D(p(Z )N P(Z,Y) - Dp(Z,)1g, 2 (Z,Y))], where

0 <a <1, 1s small; else, set 1=1+2 and go to Step 2.

In step 1, the algorithm starts with an mitial co-clustering
and computes the marginal distributions of the resultant
approximations q,” and q,”’. In steps 2-6, the algorithm
solves the XY sub-problem by 1teratively identitying clusters
for X and then clusters forY. In step 2, the algorithm reassigns
each object of type X to a new cluster whose q,“(YIX) is
closest to p,(YIx) in Kullback-Leibler distance. Thus, the
algorithm 1dentifies a new clustering of X without changing
the clustering of Y. In step 3, the algorithm recomputes the
marginal distributions of q, “*"” using the new clustering of X
and the old clustering of Y. In step 4, the algorithm reassigns
each object of type Y to a new cluster whose g, ”(XIy) is
closest to p,(Xly) mn Kullback-Leibler distance. Thus, the
algorithm identifies a new clustering of Y without changing
the clustering of X. In step 5, the algorithm recomputes the
marginal distributions of q, “**’ using the new clustering of X
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and Y. The algorithm repeats steps 2-6 until the number of
iterations exceeds a predefined value or the change in the
objective function of the XY sub-problem i1s small enough
(1.e., converges on a solution). In steps 7-11, the algorithm
solves the ZY sub-problems 1n a manner similar to the solving
of the XY sub-problem. In step 12, the algorithm reassigns
objects of type Y to new clusters without changing the clus-
tering of objects of types X and Z. In step 13, the algorithm
updates the marginal distributions of q,“** and q,“** using
the new clustering of objects of types X, Y, and Z. In step 14,
the algorithm determines whether the solution converges on a
solution as indicated by convergence of the objective func-

tion. If the solution has not converged, the algorithm contin-
ues at step 2 to perform another 1teration of the algorithm.

FIG. 1 1s a block diagram that illustrates components of the
clustering system 1n one embodiment. The clustering system
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100 includes a joint distribution XY store 101 and a joint
distribution ZY store 102. The joint distribution XY store
contains the joint distribution for objects of types X and Y.
The joint distribution ZY store contains the joint distribution
for objects of types Z and Y. The clustering system also
includes a clusters X store 103, a clusters Y store 104, and a
clusters Z store 105. The clusters stores contain the clusters of
objects 1dentified by the clustering system. The clustering
system 1ncludes a star co-cluster component 111, an initialize
clusters and distributions component 112, a co-cluster com-
ponent 113, a cluster component 114, a calculate distributions
component 115, an 1dentily clusters component 116, and a
calculate joint distributions component 117. The star co-clus-
ter component implements the overall clustering algorithm.
The star co-cluster component invokes the initialize clusters
and distributions component to generate the initial clusters
and distributions. The star co-cluster component invokes the
co-cluster component to solve the sub-problems and the clus-
ter component to cluster objects of type Y based on the clus-
ters of objects of types X and Z generated by solving the
sub-problems. The imtialize clusters and distributions com-
ponent 1nvokes the calculate distributions component to cal-
culate the initial distributions. The co-cluster component
invokes the identity clusters component and the calculate
joint distributions component to 1dentily clusters and recal-
culate joint distributions based on the identified clusters.

The computing devices on which the clustering system
may be implemented may include a central processing unit,
memory, input devices (e.g., keyboard and pointing devices),
output devices (e.g., display devices), and storage devices
(e.g., disk drives). The memory and storage devices are com-
puter-recadable media that may contain instructions that
implement the clustering system. In addition, the data struc-
tures and message structures may be stored or transmitted via
a data transmission medium, such as a signal on a communi-
cations link. Various communications links may be used, such
as the Internet, a local area network, a wide area network, or
a point-to-point dial-up connection, to connect the clustering
system to other devices (e.g., web servers).

The clustering system may be used in various operating
environments that include personal computers, server coms-
puters, hand-held or laptop devices, multiprocessor systems,
microprocessor-based systems, programmable consumer
clectronics, network PCs, minicomputers, mainframe com-
puters, distributed computing environments that include any
of the above systems or devices, and the like.

The system may be described in the general context of
computer-executable instructions, such as program modules,
executed by one or more computers or other devices. Gener-
ally, program modules include routines, programs, objects,
components, data structures, and so on that perform particular
tasks or implement particular abstract data types. Typically,
the functionality of the program modules may be combined or
distributed as desired in various embodiments.

FIG. 2 1s a flow diagram that illustrates the processing of
the star co-cluster component of the clustering system in one
embodiment. The component 200 implements the co-cluster-
ing algorithm of the clustering system. The component 1s
provided with the joint distributions for the objects along with
an indication of the number of clusters for each type of object.
In block 201, the component initializes an indexing variable.
In block 202, the component 1mnvokes the 1nmitialize clusters
and distributions component to create an imitial clustering and
calculate the corresponding distributions. In blocks 203-207,
the component loops performing the 1terations of the algo-
rithm. In blocks 203 and 204, the component mnvokes the
co-clustering component to solve the XY sub-problem and
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the ZY sub-problem. The sub-problems may be solved in
parallel. In block 2085, after solving each sub-problem, the
clustering system invokes the cluster component. In decision
block 206, if a termination condition 1s satisfied, then the
component completes, else the component continues at block
207. In block 207, the component increments the indexing
variable and loops to blocks 203 and 204 to perform the next
iteration of the algorithm.

FIG. 3 1s a flow diagram that illustrates the processing of
the in1tialize clusters and distributions component of the clus-
tering system 1n one embodiment. The component 300 gen-
crates clusters (e.g., randomly) of the objects and calculates
the corresponding distributions. In block 301, the component
generates clusters for the objects of type X. In block 302, the
component generates clusters for objects of type Y. In block
303, the component generates clusters for objects ol type Z. In
block 304, the component 1nvokes the calculate distributions
component to calculate the initial distributions for the objects
of types X andY based on the mitial clustering. In block 305,
the component invokes the calculate distributions component
to calculate the 1nitial distributions for the objects of types Z
and Y based on the initial clustering. The component then
returns.

FIG. 4 1s a tlow diagram that illustrates the processing of
the calculate distributions component of the clustering sys-
tem 1n one embodiment. The component 400 1s passed an
indication of two types of objects A and B (B being the central
type), an index 1 indicating whether the distribution 1s being
calculated based on a clustering of a non-central type (1.e., 1)
or the central type (1.e., 2), and an index k indicating whether
the XY sub-problem (1.e., 1) orthe ZY sub-problem (1.¢., 2) 1s
being solved. The variables A and B represent formal param-
cters that are replaced by actual parameters when the compo-
nent 1s invoked. In blocks 401-403, the component calculates
various joint distributions. In decision block 404, 1f the com-
ponent 1s mvoked for co-clustering based on a non-central
type, then the component continues at block 403, else the
component continues at block 406. In block 403, the compo-
nent calculates a joint probability based on the clustering of
objects of the non-central type. In block 406, the component
calculates a joint probability based on the clustering of
objects of the central type. The component then returns.

FIG. 5 1s a flow diagram that illustrates the processing of
the co-cluster component of the clustering system in one
embodiment. The component 500 solves a sub-problem for
the objects of types A and B. In blocks 501-505, the compo-
nent loops performing the iterations of the sub-problem until
a termination condition 1s satisfied. In block 501, the compo-
nent mvokes the identily clusters component to identily clus-
ters for objects of type A. In block 502, the component
invokes the calculate joint distributions component to calcu-
late jo1nt distributions based on the new clusters of objects of
type A. In block 503, the component invokes the identify
clusters component to identify clusters of objects ol type B. In
block 504, the component invokes the calculate joint distri-
butions component to calculate joint distributions based on
the new clusters of objects of type B. In decision block 505, i
a termination condition 1s satisfied for the sub-problem, then
the component returns, else the component continues at block
501 to perform the next iteration.

FIG. 6 1s a tlow diagram that illustrates the processing of
the cluster component of the clustering system 1n one
embodiment. The component 600 identifies clusters of
objects of the central type based on the clusters of objects of
the non-central types 1dentified 1n the solutions to the sub-
problems. In block 601, the component invokes the identify
clusters component to identity the clusters of the objects of
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the central type. In block 602, the component invokes the
calculate distributions component to calculate the distribu-
tions for the objects of types X and Y. In block 603, the
component invokes the calculate distributions component to
calculate the distributions for objects of types Z and Y. The
component then returns.

Although the subject matter has been described in lan-
guage specific to structural features and/or methodological
acts, 1t 1s to be understood that the subject matter defined 1n
the appended claims 1s not necessarily limited to the specific
teatures or acts described above. Rather, the specific features
and acts described above are disclosed as example forms of
implementing the claims. Accordingly, the invention 1s not
limited except as by the appended claims.

We claim:

1. A computing system for co-clustering of objects of het-
crogeneous types that include objects of a first type, objects of
a second type, and objects of a central type, comprising:

a memory storing computer-executable instructions for

a component that recetves a first joint distribution for
objects of the first type and objects of the central type
and a second joint distribution for objects of the sec-
ond type and objects of the central type, the first joint
distribution indicating a joint probability of objects of
the first type and objects of the central type as rows
and columns of a first probability matrix, the second
joint distribution indicating a joint probability of
objects of the second type and objects of the central
type as rows and columns of a second probability
matrix;

a component that co-clusters objects of the first type and
objects of the central type into clusters of objects of
the first type and clusters of objects of the central type
to minimize a difference between the first joint distri-
bution and a distribution based on the clusters of
objects of the first type and clusters of objects of the
central type, wherein the difference 1s based on loss of
mutual information between objects of the first type
and objects of the central type and mutual information
ol object clusters of objects of the first type and
objects of the central type;

a component that co-clusters objects of the second type
and objects of the central type 1nto clusters of objects
ol the second type and clusters of objects of the central
type to mimimize a difference between the second
joint distribution and a distribution based on the clus-
ters of objects of the second type and clusters of
objects of the central type, wherein the difference 1s
based on loss of mutual information between objects
of the second type and objects of the central type and
mutual information of object clusters of objects of the
second type and objects of the central type; and

a component that clusters objects of the central type
based on the clusters of the objects of the first type and
clusters of the objects of the second type; and

a processor that executes the computer-executable instruc-

tions stored 1n the memory.

2. The computing system of claim 1 wherein each compo-
nent that co-clusters iputs clusters of objects of the central
type, clusters objects of the non-central type based on the
clusters of objects of the central type, and clusters objects of
the central type based on the clusters of the objects of the
non-central type.

3. The computing system of claim 2 wherein the clustering
of objects of the non-central type and the clustering of objects
of the central type are repeated until a termination condition
1s satisfied.
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4. The computing system of claim 3 wherein the termina-
tion condition 1s a fixed number of repetitions.

5. The computing system of claim 3 wherein the termina-
tion condition 1s the clustering converging on a solution.

6. The computing system of claim 1 wherein the co-clus-
tering and clustering are repeated until a termination condi-
tion 1s satisfied.

7. The computing system of claim 6 wherein the termina-
tion condition 1s the clustering of the central objects converg-
ing on a solution.

8. The computing system of claim 1

wherein the component that clusters objects of the central

type generates clusters based on minimizing a difference
between the first joint distribution and a joint distribu-
tion based on the clustering and a difference between the
second joint distribution and a joint distribution based on
the clustering; and

wherein the co-clustering and clustering are repeated until

a termination condition relating to the clustering of
objects of the central type 1s satisfied.

9. The computing system of claim 1 wherein the compo-
nents that co-cluster operate 1n parallel.

10. A method performed by a computing system for co-
clustering of objects of heterogeneous types that include
objects of a first type, objects of a second type, and objects of
a central type, the method comprising:

recerving a first joint distribution for objects of the first type
and objects of the central type and a second joint distri-
bution for objects of the second type and objects of the
central type, the first joint distribution 1indicating a joint
probability of objects of the first type and objects of the
central type as rows and columns of a first probability
matrix, the second joint distribution indicating a joint
probability of objects of the second type and objects of
the central type as rows and columns of a second prob-
ability matrix;

co-clustering by the computing system objects of the first
type and objects of the central type mto clusters of
objects of the first type and clusters of objects of the
central type to mimimize a difference between the first
joint distribution and a distribution based on the clusters
of objects of the first type and clusters of objects of the
central type, wherein the difference 1s based on loss of
mutual information between objects of the first type and
objects of the central type and mutual information of
object clusters of objects of the first type and objects of
the central type;

co-clustering by the computing system objects of the sec-
ond type and objects of the central type into clusters of
objects of the second type and clusters of objects of the
central type to minimize a difference between the second
joint distribution and a distribution based on the clusters
of objects of the second type and clusters of objects of
the central type, wherein the difference 1s based on loss
of mutual information between objects of the second
type and objects of the central type and mutual informa-
tion of object clusters of objects of the second type and
objects of the central type; and

clustering by the computing system objects of the central
type based on the clusters of the objects of the first type
and clusters of the objects of the second type.

11. The method of claam 10 wherein the co-clustering
inputs clusters of objects of the central type, clusters objects
of the non-central type based on the clusters of objects of the
central type, and clusters objects of the central type based on
the clusters of the objects of the non-central type.
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12. The method of claim 11 wherein the clustering of
objects of the non-central type and the clustering of objects of
the central type are repeated until a termination condition 1s
satisiied.

13. The method of claim 12 wherein the termination con-
dition 1s a fixed number of repetitions.

14. The method of claim 12 wherein the termination con-
dition 1s the clustering converging on a solution.

15. A computer-readable medium storing computer-ex-
ecutable instructions for controlling a computing system to
co-cluster objects of heterogeneous types that include objects
ol a first type, objects of a second type, and objects of a central
type, by a method comprising:

receiving a first joint distribution for objects of the first type

and objects of the central type and a second joint distri-
bution for objects of the second type and objects of the
central type, the first joint distribution 1indicating a joint
probability of objects of the first type and objects of the
central type as rows and columns of a first probability
matrix, the second joint distribution indicating a joint
probability of objects of the second type and objects of
the central type as rows and columns of a second prob-
ability matrix;

co-clustering by the computing system objects of the first

type and objects of the central type into clusters of
objects of the first type and clusters of objects of the
central type to minimize a difference between the first
joint distribution and a distribution based on the clusters
ol objects of the first type and clusters of objects of the
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central type, wherein the difference 1s based on loss of
mutual information between objects of the first type and
objects of the central type and mutual information of
object clusters of objects of the first type and objects of
the central type;

co-clustering by the computing system objects of the sec-

ond type and objects of the central type into clusters of
objects of the second type and clusters of objects of the
central type to minimize a difference between the second
joint distribution and a distribution based on the clusters
of objects of the second type and clusters of objects of
the central type, wherein the difference 1s based on loss
of mutual information between objects of the second
type and objects of the central type and mutual informa-
tion of object clusters of objects of the second type and
objects of the central type; and

clustering by the computing system objects of the central

type based on the clusters of the objects of the first type
and clusters of the objects of the second type.

16. The computer-readable medium of claim 15 wherein
the co-clustering inputs clusters of objects of the central type,
clusters objects of the non-central type based on the clusters
of objects of the central type, and clusters objects of the
central type based on the clusters of the objects of the non-
central type.

17. The computer-readable medium of claim 15 wherein
the co-clusterings operate 1n parallel.
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